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Abstract: The programmed cell death protein 1 (PD-1)/programmed cell death ligand 1 (PD-L1) is
an immune checkpoint (ICP) overexpressed in various types of tumors; thus, it has been considered
as an important target for cancer therapy. To determine important residues for ligand binding,
we applied molecular docking studies to PD-1/PD-L1 complex inhibitors against the PD-L1 protein.
Our data revealed that the residues Tyr56, Asp122, and Lys124 play critical roles in ligand binding to
the PD-L1 protein and they could be used to design ligands that are active against the PD-1/PD-L1
complex. The formation of H-bonds with Arg125 of the PD-L1 protein may enhance the potency of
the PD-1/PD-L1 binding.
Keywords: the PD-1/PD-L1 complex; protein–protein interactions; the PD-L1 protein; docking;
ligand–protein interactions
1. Introduction
Immune checkpoints (ICPs) are paramount regulators of the immune system, and they can
differentiate between the healthy and foreign cells and prevent activation of immune cells [1–3]. Cancer
cells can evade immune system control by overexpressing inhibitory ICPs [4–7]. There are several
co-inhibitory ICPs such as T-lymphocyte-associated protein 4 (CTLA-4), and programmed cell death
protein 1 (PD-1)/programmed cell death ligand 1 (PD-L1), which inhibit T cell activation by different
mechanisms [8–10]. Several antibodies targeting CTLA-4 or PD-1/PD-L1 have revealed encouraging
clinical results [11,12]. Monoclonal antibodies (mAbs) against the PD-1 pathway show significant tumor
treatment benefits, and they were considered a better option than mAbs targeting CTLA-4 [13–15].
Several successful mAbs targeting the PD1/PD-L1 pathway for the treatment of various tumors have
been approved. These approved mAbs included nivolumab and pembrolizumab [15–17]. The activity
of mAbs against PD1/PD-L1 checkpoints led to accelerated approval of nivolumab and pembrolizumab
by regulatory bodies in 2014 [5,14].
PD-1 is a type I transmembrane immune-inhibitory protein that is expressed on activated CD4+
and CD8+ T cells, natural killer T (NKT) cells, B cells, activated monocytes, and dendritic cells
(DCs) [18,19]. PD-1 and its ligands control the activity and tolerance of T cells, and immune-mediated
tissue damage [19,20]. PD-1 has two ligands: PD-L1 and PD-L2; PD-L1 is expressed broadly and
upregulated on activated T cells, B cells, myeloid, and dendritic cells, while PD-L2 is expressed only in
activated dendritic cells and some macrophages [9,21]. In normal conditions, PD-1/PD-L1 pathways
play an essential function in maintaining immune homeostasis and avoiding autoimmunity by the
inhibition of T cell activation [22–24]. In cancer cells, the PD-1/PD-L1 interaction has a crucial role
in tumor immune resistance [25,26]. The binding of the PD-1/PD-L1 complex inhibits T-lymphocyte
proliferation, the release of cytokines, and induces apoptosis of T cells [27,28]. PD-L1 is overexpressed
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in several tumors such as lymphoma, melanoma, lung, breast cancer, glioblastoma, ovarian, kidney
tumors, and bladder cancers [29–34]. Blocking of the PD-1/PD-L1 complex interaction would
promote the reactivation and revival of the exhausted T cell phenotype which would normalize
and stimulate the antitumor response of T cells [28]. PD-1/PD-L1 complex inhibitors represent a new
type of immunotherapy drug which could afford new treatment for various kinds of cancers [35–37].
There are four therapeutic mAbs against PD-1/PD-L1 immune checkpoint proteins (nivolumab and
pembrolizumab targeting PD-1; atezolizumab and avelumab binding to PD-L1) that have been
approved by the US Food and Drug Administration (FDA). These mAbs are used to treat metastatic
melanoma, non-small-cell lung cancer (NSCLC), renal cell carcinoma, head and neck squamous cell
cancer (HNSCC), and bladder cancer.
However, the occurrence of immune-mediated adverse effects has been observed in some patients
receiving the immune checkpoint inhibition (ICI) by mAbs. The side effects can be colitis, autoimmune
hepatitis, endocrine or neurological disorders [38]. A study shows that 44.4% of patients with
pre-exiting autoimmune and/or inflammatory disease (AID) experienced immune-related adverse
events (irAE), whereas only 23.8% were observed with irAE in those without pre-existing AID [39].
In addition, a rapid worsening of the disease upon treatment with ICIs was observed in approximately
5% of patients, a phenomenon called hyper-progressive disease (HPD) and it seems to be due to
inhibition of both PD-1 and PD-L1 [40,41].
Therefore, a small molecule inhibitor that binds to PD-L1 only would spare the function of PD-1
and may be an alternative therapeutic approach that may minimize the immune-related adverse effects.
Unfortunately, the development of small molecules targeting the PD-1/PD-L1 axis lags far behind
the mAb development targeting the same pathway. This is due, in part, to insufficient structural
information of the PD-1/PD-L1 complex with small molecule inhibitors. The crystal structure of
the fully human PD-1/PD-L1 complex (Protein Data Bank Identification Code, PDB ID: 4ZQK) that
was determined in this crystal structure suggests that there are several binding sites on the PD-1
and PD-L1 that can be targeted to develop small molecule inhibitors [42]. The crystal structures of
PD-L1 complexed with atezolizumab (PDB ID: 3X8L) and durvalumab (PDB ID: 3X8M) were not
available until 2017, and they defined the binding site and important residues of the PD-L1 interacting
with the mAbs [43]. Recently, some new small molecules were identified as PD1/PD-L1 pathway
inhibitors with significant inhibitory effects at subnanomolar concentrations [44,45]. Besides, the crystal
structures of PD-L1 complexed with small molecule inhibitors have been resolved showing that small
molecules bind to PD-L1 instead of PD-1, and they inhibit the PD-1/PD-L1 interaction by inducing
PD-L1 dimerization through the PD-1 interacting surface site. The binding of small molecules to PD-L1
led to disassociation of the PD-1/PD-L1 complex [46–48].
Here, we report the structural basis for PD-L1 interactions with the reported Bristol-Myers Squibb
(BMS) inhibitors (Figures 1 and 2). The docking scores of BMS inhibitors showed that the docking
scores in our study are very close to those experimentally observed biological activities. The binding
modes and protein–ligand interaction studies of the PD-L1/BMS inhibitors offer significant structural
insight for the design and development of future new and selective inhibitors for the PD-1/PD-L1
complex. We identified residues Tyr56, Asp122, and Lys124 of PD-L1 as important binding residues
for small molecule design as they can form H-bond interactions. Tyr56 and Asp122 appear to be the
two most vital residues for interaction with PD1/PD-L1 complex inhibitors.
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2. Results and Discussion
2.1. Docking Scores and Validation
To identify amino acids that are essential for small molecule binding, we carried out docking
studies of 29 experimentally verified inhibitors of the PD-1/PD-L1 complex (Figures 1 and 2). These
29 ligands were docked to two different PD-L1 model proteins (PDBIDs: 5NIU [48] and 5N2F [47]).
The reason for using two crystal structures for docking studies was to determine the consistency of
docking findings being independent of a given protein structure. Note that 5NIU is a tetramer with
two identical bound ligands and thus we randomly chose chains C and D and their bound ligand
for docking studies. The PD-L1/ligand docking scores for these two models are listed in Table S1.
The docking scores show that the glide performance was well within the predicted range of the binding
affinity (∆GPRED) of PD-1/PD-L1 complex inhibitors. The comparisons of predicted docking scores to
the experimental free energy of bindings, converted from the IC50s, show that the docking scores of
both models 5NIU and 5N2F are in good agreement with the experimentally observed data, with mean
errors of 1.07 and 0.91 kcal/mol, and the root-mean-square errors of 1.66 and 1.51 kcal/mol for model
proteins 5NIU and 5N2F, respectively. The low standard deviations of 1.29 and 1.22 for model proteins
5NIU and 5N2F, respectively, further confirm the validity of the glide docking method and confirm
the consistency of the docking studies in our PD-L1 system. The more negative the docking score,
the more favorable the interaction of the complex. To determine the protonation state of amino groups
in the compounds outlined in Figures 1 and 2, we carried out computational pKa calculations using
EPik program. Table S2 shows that all compounds show a pKa around 8 except BMS-1220 (8), which
has a high pKa of 10. This suggests that the nitrogen atom on most ligands should not be protonated
and thus remains neutral, whereas BMS-1220 (8) was protonated.
In addition to binding affinity, ligand binding can also be evaluated by binding free energy (∆G).
Herein we use a knowledge-based moveable-type (MT)-based approach [49] to estimate the absolute
free energy of the binding of all 29 ligands using the docked poses identified in the docking study for
two model proteins. The MT-based free energy calculation has been successfully applied to engineering
cellular retinoic acid binding protein II [50].
Table S3 shows that the mean errors of predicted free energy of binding from the corresponding
experimental values are 0.64 and −0.68 kcal/mol, with standard deviations of 1.68 and 1.54, and RMSEs
of 1.77 and 1.66 for model proteins 5NIU and 5N2F, respectively. The good agreement between the
predicted and the experimentally observed values not only proves the validity of the MT-based free
energy calculation method, but also further validates the glide-dock program because the generated
docked poses can be used to accurately predict the binding affinity. Figures 3 and 4 show the dot plots
between experimental ∆G versus glide dock-based (blue) and MT-based ∆G (orange) and suggest that
the docking appeared to systematically overestimate the binding free energy and thus appears to have
a relatively larger mean error. Tables S1 and S3 revealed that mean errors for the docking of the 5NIU
and 5N2F model proteins were 1.07 and 0.91, whereas those errors from the MT method were 0.64 and
−0.68, respectively.
There are other methods to validate docking methods [51,52]. The pose selection is a standard
method used whereby docking software is used to dock a ligand with a known conformation and
orientation, typically from a co-crystal structure, into the binding site. The docking software is
considered dependable when it is able to generate a pose that is very close to the native conformation in
the crystal structure, i.e., the root-mean-square deviation (RMSD) value between the docked pose and
the native conformation is low (less than 1.5 or 2 Å depending on ligand size) [53]. The superposition
of the glide-generated docked pose, and the native conformation in the co-crystal structure (PDB ID:
5NIU) for compound 1 (Figure 5) showed that the RMSD between these two poses is 1.04 Å. The RMSD
value between the docked pose and the native structure in 5N2F was 0.79 Å (Figure S1). Therefore,
the low RMSD values from both models confirmed that the glide dock is able successfully to find
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Figure 4. Plot of experimental ∆G versus glide dock-based and T-based ∆G for the 5N2F model
(blue: 5N2F_Dock, orange: 5N2F_ T).
Another valida ion m thod to evaluate a dock p ogram is the e richment factor (EF) [54–56].
The EF measures the concentration of the a tive and known inhibitors in a specific subset divided by
the concentration of the active and known inhibitors in the databas . The EF is a general measur
of th effici ncy of a ocking program: The higher th EF, the more accurate the docking program.
The EF can validate a docking program if it can satisfactori y id n ify the active PD-L1 inhibitors
from a database of drug-like molec les. To do so, we docked a li rary of 29 PD-L1/PD-1 complex
inhibitors al ng with 261 drug-lik compounds against th crystal structure of PD-L1. The docking of
290 co pounds against the crystal structure of th PD-L1 (PDB: 5NIU) model resul d in a EF score of
8.62, which is calculated by [EF = (25/29)/(29/290)]. Another way to evaluate the sensitivity of a docking
p ogram is to use a r ceiver op rator curve (ROC) in which the fr quency of a false positive plot ed
against the sensitivit . The false positives ref r to d ug-like mol cul s being top-ranked from th
docking output. The ocking output of 261 drug-like molecules was listed in Table S4. Figure 6 shows
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that the glide dock program is quite sensitive in identifying true positives (i.e., active compounds) in
our study case.
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2.2. Binding Interactions of PD-L1/inhibitors
After the validity of the glide dock method was confirmed by the aforementioned methods, we can
confidently use the docked poses to identify PD-L1/inhibitor interactions. To design new molecules
with the desired potency, it is important for the designed molecules to maintain the proper interactions
with essential residues in the binding pocket. Thus, it is very important to identify critical binding
residues for effective PD-L1 binding.
The PD-1/PD-L1 co plex inhibitors bind to PD-L1 through the PD-1 interacting surface site
inducing PD-L1 di erization and disassociation of a PD-1/PD-L1 co plex. In the crystal structure of
5 IU (PD-L1 di er/B S-1001 (1)), the 2, 3-dihydro-1, 4-benzodioxine frag ent creates π–π stacking
interaction ith Tyr56, and the (2R)-2- a ino-3-hydroxypropanoic acid oiety for ed -bonds ith
the carbonyl of sp122, Tyr123, Lys124, and the ain chain carbonyl oxygen of Phe19 (Figure 7).
Besides, the 3-cyanobenzyl oiety partly creates a π–π stacking interaction ith Tyr123, and for s
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hydrogen bonds with Arg125. The absence of the 3-hydroxy group in inhibitor 3 means it is unable
to H-bond with Arg125 and Phe19 (Figure 7), resulting in a much weaker interaction. The IC50s for
compounds 1 and 3 are 2.25 and 2350 nM, respectively. Our MT-based binding free energy calculations
predicted ∆Gs of −10.81 and −9.94 kcal/mol, respectively, showing a weaker binding in compound 3.
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Figure 7. The binding orientation of compound 1 (left), and compound 3 (right) in the PD-L1 protein
of 5NIU. The H-bond is depicted with a dark dotted line. Chain D is colored with a green secondary
structure and atoms, whereas Chain C is in cyan color.
The PD-1/PD-L1 complex inhibitors were run in silico docking using the glide docking method
to identify the binding mechanisms of these compounds. The protein/ligand interactions might vary
due to the different structural nature of each ligand. To identify residues that are responsible for
most ligand binding, we enumerated residues that form H-bonds, or electrostatic interactions or π–π
stack interactions with 29 inhibitors. Table 1 shows that residues Tyr56 and Asp122 are the two most
important residues for ligand binding.
To evaluate the relative importance of active site residues in ligand binding, we enumerate
all binding residues for all 29 ligands. Figure 8 shows that Tyr56 interacts with all 29 inhibitors
and Asp122 forms H-bonds with 90% of the studied compounds. In addition, Lys124, Arg125, and
Phe19 are important residues for ligand binding as they appear between 30 and 50% ligand binding.
The positively charged nature of Lys124 and Arg125 suggests that a negatively charged carboxylate
moiety is likely expected in PD-L1 inhibitors. Please note that, to avoid over-exaggeration of the
contributions of binding residues, if a residue appears in both chain C and chain D, it is only counted
as one. For instance, Tyr56 of chains C and D provides π–π stack interactions with the aromatic rings of
ligands but was only counted once for each entry for compounds 2, 5, 6, 7, and so on. The potency of
inhibitors toward the PD-1/PD-L1 complex might be attributed to their ability to interact with Arg125.
The majority of potent PD-1/PD-L1 complex inhibitors with IC50 of 100 nM or better tend to show
interactions with Arg125, as observed in the potent compound. We also investigated the protein–ligand
interactions for the 5N2F model (Table S5), and the frequencies of interacting residues are reported in
Figure S2. Table S5 and Figure S2 show that Tyr56 and Asp122 are the most important residues for
ligand binding. Like what is observed in the 5NIU model, Lys124 is likely to be important in ligand
binding. However, the 5N2F model added two new residues for ligand binding: Ala18 and Thr20,
with Phe19 showing reduced significance.
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Table 1. The ligand–protein interactions between the PD-1/PD-L1 complex inhibitors and the PD-L1
protein of 5NIU.
Title IC50 (nM) Chain C Chain D
BMS-1001(1, 5NIU) 2.25 Tyr56, Asp122, Lys124, Arg125, Phe19
BMS-200 (2, 5N2F) 80 Tyr56 Tyr56, Ala121, Asp122
BMS-3029 (3) 2350 Tyr56, Gln66 Tyr56, Asp122, Tyr123, Lys124
BMS-1166 (4, 5NIX) 1.4 Tyr56, Asp122, Arg125
BMS-114 (5) 43 Tyr56 Tyr56, Asp122, Arg125
BMS-1197 (6) 1.85 Tyr56 Tyr56, Asp122, Lys124, Arg125, Phe19
BMS-1205 (7) 2.71 Tyr56, Gln66 Tyr56, Asp122, Lys124, Arg125
BMS-1220 (8) 6.07 Tyr56, Asp122, Lys124, Arg125
BMS-2002 (9) 10 Tyr56 Tyr56, Ala121, Asp122, Tyr123, Lys124, Arg125, Phe19
BMS-1250 (10) 1.19 Tyr56 Tyr56, Ala121, Asp122, Arg125, Ala18, Phe19
BMS-1305 (11) 0.92 Tyr56 Tyr56, Asp122, Tyr123, Arg125
BMS-1239 (12) 148.9 Tyr56, Asp122, Lys124
BMS-2010 (13) 50 Tyr56, Asp122, Lys124, Arg125, Ala18
BMS-3024 (14) 5.54 Gln66 Tyr56, Asp122, Arg125, Phe19
BMS-16 (15) 1945 Tyr56, Asn63 Tyr56, Asp122
BMS-82 (16) 3186 Tyr56, Ala121, Phe19, Ala18
BMS-39 (17) 4184 Tyr56 Tyr56, Asp122
BMS-172 (18) 107 Tyr56 Tyr56, Ala121, Asp122, Tyr123
BMS-163 (19) 93 Tyr56 Tyr56, Gly119, Ala121, Asp122, Tyr123
BMS-202 (20, 5J89) 18 Tyr56 Tyr56, Ala121, Asp122
BMS-1043 (21) 239.2 Tyr56, Ala121, Asp122, Tyr123, Lys124, Phe19
BMS-8 (22, 5J8O) 146 Asn63 Tyr56, Lys124
BMS-107 (23) 329 Tyr56, Asp122, Lys124
BMS-101 (24) 1076 Gln66 Tyr56
BMS-1016 (25) 4.55 Tyr56 Tyr56, Asp122, Arg125
BMS-1057 (26) 985.8 Tyr56 Tyr56, Asp122, Lys124, Phe19
BMS-1095 (27) 81.25 Tyr56 Tyr56, Ala121, Asp122, Lys124, Arg125, Phe19
BMS-1108 (28) 624.2 Asn63 Tyr56, Asp122
BMS-1082 (29) 828.4 Tyr56, Ala121, Asp122, Lys124, Phe19
Though ligands tend to bind to the interface of dimer Chains C and D, they prefer binding to one
chain over the other; in this case, they show closer interactions with chain D residues as evidenced by
Table 1 and Figure 7. The most frequent residue from chain C is Tyr56, which, along with the same
residue from chain D, forms two π–π stack interactions with two aromatic rings of inhibitors. This
suggests that there should be two aromatic rings separated by 12 Å for PD-L1 inhibitors to interact
with Tyr56 from both chains (Figure 9).
The electrostatic map of PD-L1/ BMS-1001 (1, 5NIU, Figure 9) further confirms that Chain D plays
a significant role in ligand binding, whereas the role of chain C is much less because the latter has
fewer interactions with the PD-L1 inhibitors. The phenol group of Tyr56 is exposed to the binding site
generating π–π stacking with the inhibitors. The carboxyl group of Asp122 was positioned toward
the ligand binding, with a high concentration of negative charge from the carboxylate group, and
served as an H-bond acceptor with the compound 1. This high concentration of negative charge is
visible as red regions in the plot of electrostatic potential (Figure 9). The PD-L1 binding sites have
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a high concentration of positive charge featuring Lys124 and Arg125 that bind the compound; this high
concentration of positive charge is visible as blue regions in the electrostatic potential map (Figure 9).
This observation is supported by the high frequency of Lys124 and Arg125 in the protein–ligand
interaction map (Figure 8). Therefore, future PD-L1 inhibitor design should consider the residues
Tyr56, Asp122, and Lys124 along with two aromatic rings. The importance of residue Tyr56 has already
been observed and reported [46–48]. The finding of Asp122, and Lys124, and two essential aromatic
rings may provide helpful guidelines for future PD-L1 inhibitor design.
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Figure 9. Electrostatic surface of the binding pockets of the PD-L1 with BMS-1001 (1, 5NIU). The
hydrophobic region is depicted as green; H-bond acceptor, red; and H-bond donor, blue. Chain D is
colored with a magenta secondary structure, whereas Chain C is in orange color. Tyr56 of chain C
is highlighted in cyan and Tyr56 of Chain D in green. The distance between the two aromatic rings
interacting with Tyr56 of chains C and D is 12.14 Å.
Int. J. Mol. Sci. 2019, 20, 4654 10 of 15
3. Computational Methods
3.1. Preparation of Protein Structures
The X-ray crystal structures of the human wild type PD-L1/BMS-1001 (1, PDBID: 5NIU) [48]
and the structure of PD-L1/BMS-200 (2, PDBID: 5N2F) [47] were downloaded from the Research
Collaboratory for Structural Bioinformatics (RCSB) protein data bank (available online: https://www.
rcsb.org/structure/). No missing residues were observed in these two crystal structures except a few
residues with missing parts of side chains. The missing side chains were regenerated during the
protein preparation step in MOE to correct the missing side chains, to optimize the hydrogen bonding
network, to allow protonation to be assigned to charged residues, and to allow the flipping of the
side chains of Asn, Gln, and His in MOE to maximize H-bond interactions [57]. Due to their not
serving as a bridge between protein and ligands, 1,2-ethanediol and the water molecules were deleted
in the protein preparation step. Subsequently, the X-ray crystal structure was subjected to energy
minimization using the Amber14:EHT forcefield [58] in MOE, followed by protein preparation using
the Protein Preparation Wizard in the Schrödinger software [59] to allow the flipping of the side chains
of the residues of Asn and Gln to maximize H-bond interactions. Then, they were subjected to energy
minimization with a protein backbone by using the OPLS3 forcefield in the MacroModel module in the
Maestro before the docking procedure.
3.2. Preparation of Ligands and Molecular Docking
We built 29 PD-1/PD-L1 complex inhibitors (Figures 1 and 2) from different sources [44,45] based
on the crystal structure of 1 in 5NIU as a template using the MOE build panel and all model molecules
were subjected to energy minimization using the MMFF94× forcefield partial charges in MOE [60].
The minimized ligands were imported to Maestro in Schrödinger software suite for proper treatment
before docking. All inhibitors were minimized by the MacroModel module by using the OPLS2005
forcefield [59]. The pKa calculations of ligands were prepared by using the Epik program in the
Schrödinger software [59]. The Epik calculations calculated the pKa values of all nitrogen atoms
in these ligands and if an amine has a pKa greater than 10, that amino group will be protonated.
Otherwise, it would be treated as neutral. In our case, only compound BMS-1220 (8) has a pKa of 10.73,
which is greater than 10 and thus should be protonated. The pKa values of nitrogen atoms of all 29
inhibitors are listed in Supplementary Information Table S1.
To calculate the enrichment factor in order to evaluate the effectiveness of the docking program,
we downloaded a database of 260,071 ligands from the National Cancer Institute (NCI) [61] and this
database was converted to 3D structures, ionic components were removed, the database was further
filtered with the Lipinski’s rule of five [62], and then 261 molecules were randomly selected from this
database to assess the enrichment factor and validate our docking study. The selected 261 molecules
were subjected to energy minimization using the MOE and MacroModel programs. The combined
database of 29 inhibitors along with 261 randomly drug-like molecules were docked to the PD-L1
binding pockets of model proteins 5NIU and 5N2F.
The compounds were then subjected to energy minimization using the MacroModel module
in Maestro [59]. We used Glide Dock in Maestro 11.6 for the docking of inhibitors to the PD-L1
proteins [59]. Consequently, we generated a grid file for the crystal structures of 5NIU and 5N2F using
the glide grid generation protocol with the bound ligands as centroids of the protein binding pocket [59].
All 29 inhibitors were docked into the grid file, and we later ran docking for the 261 NCI drug-like
molecules using the same grid files. During the docking process, the scaling factor for receptor Van der
Waals for the nonpolar atoms was set to 0.8 to allow for some flexibility of the receptor. Besides, all
other parameters were used as defaults and the docking procedure was established [63]. The binding
affinity of the PD-L1/ligand complexes was expressed in terms of docking scores. The output docking
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scores were defined as ∆GPRED. The output ∆GPRED was then related to the experimental ∆GEXP,
which calculated from the experimental IC50 (nM) using the following equation:
∆GEXP(kcal/mol) = RT ln
(
IC50 (nM) × 10−9
)
/1000
Furthermore, we created an electrostatic map for the binding site of PD-L1 to estimate the
electrostatically favored locations of H-bond donors, H-bond acceptors, and hydrophobic interactions.
The electrostatic map was made using the MOE program [57]. The receiver operator curve (ROC) was
plotted based on the frequencies of false positives and that of true active compounds (sensitivity) and
was calculated based on the docking scores of active compounds and drug-like molecules.
3.3. Binding Free Energy Calculations Using the Moveable-Type (MT)-Based Approach
After 29 inhibitors were docked to the 5NIU protein, the model protein was saved in PDB format
and the 29 ligands were each saved separately in mol2 file format. The saved protein and ligand files
were fed as input files for the movable-type (MT) free energy calculation method, an in-house program
developed by Prof. Kenneth Merz Jr. at Michigan State University and which was generously given to
us for complimentary use. The output data of the MT-based method is the absolute free energy of
binding; these data were used to compare with those experimentally observed values and are listed in
Table S3. The reliability of this method has been in previous publications. [49,50].
4. Conclusions
The prevalence of the PD-1/PD-L1 complex in several human cancer cells has made it an attractive
target for anticancer drug discovery. The positive results of mAb targeting the PD-1/PD-L1 complex in
cancer treatment are boosting and inspiring the design and development of small molecules targeting
this pathway. Our studies on the protein/ligand dockings and structural analysis on the docked
complexes have suggested that the glide dock approach and the MT-based free energy calculation
method are very dependable in terms of their predictability, with low error compared to those observed
values. The low RMS deviations of the docked pose to the native conformation and the very good
enrichment factor further confirm the effectiveness of the Glide Dock program. The analyses of
the protein/ligand interactions reveal that PD-L1 residues Tyr56, Asp122, and Lys124 may be very
important for inhibitor design and that two aromatic rings may be expected in new PD-L1 inhibitors.
From a drug design point of view, Phe19 and Asp122 can interact with the amino moiety of ligands
and Lys124 and Arg125 provide interactions the carboxylate groups of ligands whereas Tyr56 from
chains C and D, forming π–π interactions with two different aromatic rings as shown in compound 9
(Figure S3). All these observations will be very useful in the design, development, and discovery of the
next generation of potent PD-1/PD-L1 complex inhibitors.
Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/18/
4654/s1.
Author Contributions: Conceptualization, methodology, and formal analysis, S.A. and H.A.Z.; data curation,
validation, and writing, S.A.; supervision, project administration, resources, and software, H.A.Z.; writing—original
draft preparation, S.A.; writing—review and editing, S.A. and H.A.Z.
Funding: This work was financially supported by the University of Nebraska at Omaha. Suliman Almahmoud
was supported by the Ministry of Education Scholarship, Qassim University (Buraydah, Saudi Arabia).
Acknowledgments: Suliman Almahmoud acknowledges The Saudi Arabian Cultural Mission (SACM) for
financial support. H.A.Z. is in debt to the generous support in the complimentary use of the MT-based free energy
calculation method from Kenneth Merz Jr.’s group at Michigan State University, East Lansing, Michigan, USA. S.A.
and H.A.Z. thank the kind support of Jonathan Vennerstrom at the College of Pharmacy, University of Nebraska
Medical Center for valuable suggestions on this manuscript. H.A.Z. is in debt to the Library of the University of
Nebraska at Omaha for the Open-Access Fund.
Conflicts of Interest: The authors declare no conflict of interest and the funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.
Int. J. Mol. Sci. 2019, 20, 4654 12 of 15
References
1. Pardoll, D.M. The blockade of immune checkpoints in cancer immunotherapy. Nat. Rev. Cancer 2012, 12,
252–264. [CrossRef] [PubMed]
2. Sharpe, A.H.; Wherry, E.J.; Ahmed, R.; Freeman, G.J. The function of programmed cell death 1 and its ligands
in regulating autoimmunity and infection. Nat. Immunol. 2007, 8, 239–245. [CrossRef] [PubMed]
3. Nirschl, C.J.; Drake, C.G. Molecular pathways: Coexpression of immune checkpoint molecules: Signaling
pathways and implications for cancer immunotherapy. Clin. Cancer Res. 2013, 19, 4917–4924. [CrossRef]
[PubMed]
4. Mahoney, K.M.; Rennert, P.D.; Freeman, G.J. Combination cancer immunotherapy and new immunomodulatory
targets. Nat. Rev. Drug Discov. 2015, 14, 561–584. [CrossRef] [PubMed]
5. Topalian, S.L.; Drake, C.G.; Pardoll, D.M. Immune checkpoint blockade: A common denominator approach
to cancer therapy. Cancer Cell. 2015, 27, 450–461. [CrossRef] [PubMed]
6. Sharma, P.; Allison, J.P. The future of immune checkpoint therapy. Science. 2015, 348, 56–61. [CrossRef]
7. Shin, D.S.; Ribas, A. The evolution of checkpoint blockade as a cancer therapy: What’s here, what’s next?
Curr. Opin. Immunol. 2015, 33, 23–35. [CrossRef]
8. Suh, W.; Gajewska, B.U.; Okada, H.; Gronski, M.A.; Bertram, E.M.; Dawicki, W.; Duncan, G.S.; Bukczynski, J.;
Plyte, S.; Elia, A.; et al. The B7 family member B7-H3 preferentially down-regulates T helper type 1-mediated
immune responses. Nat. Immunol. 2003, 4, 899–906. [CrossRef]
9. Greenwald, R.J.; Freeman, G.J.; Sharpe, A.H. The B7 family revisited. Annu. Rev. Immunol. 2005, 23, 515–548.
[CrossRef]
10. Parry, R.V.; Chemnitz, J.M.; Frauwirth, K.A.; Lanfranco, A.R.; Braunstein, I.; Kobayashi, S.V.; Linsley, P.S.;
Thompson, C.B.; Riley, J.L. CTLA-4 and PD-1 receptors inhibit T-cell activation by distinct mechanisms.
Mol. Cell Biol. 2005, 25, 9543–9553. [CrossRef]
11. Sharma, P.; Allison, J.P. Immune checkpoint targeting in cancer therapy: Toward combination strategies with
curative potential. Cell. 2015, 161, 205–214. [CrossRef] [PubMed]
12. Hoos, A. Development of immuno-oncology drugs—From CTLA4 to PD1 to the next generations. Nat. Rev.
Drug Discov. 2016, 15, 235–247. [CrossRef] [PubMed]
13. Lipson, E.J.; Drake, C.G. Ipilimumab: An anti-CTLA-4 antibody for metastatic melanoma. Clin. Cancer Res.
2011, 17, 6958–6962. [CrossRef] [PubMed]
14. Dömling, A.; Holak, T.A. Programmed death-1: Therapeutic success after more than 100 years of cancer
immunotherapy. Angew Chem. Int. Ed. Engl. 2014, 53, 2286–2288. [CrossRef] [PubMed]
15. Powles, T.; Eder, J.P.; Fine, G.D.; Braiteh, F.S.; Loriot, Y.; Cruz, C.; Bellmunt, J.; Burris, H.A.; Petrylak, D.P.;
Teng, S.L.; et al. MPDL3280A (anti-PD-L1) treatment leads to clinical activity in metastatic bladder cancer.
Nature 2014, 515, 558–562. [CrossRef] [PubMed]
16. Hamid, O.; Robert, C.; Daud, A.; Hodi, F.S.; Hwu, W.J.; Kefford, R.; Wolchok, J.D.; Hersey, P.; Joseph, R.W.;
Weber, J.S.; et al. Safety and tumor responses with lambrolizumab (anti-PD-1) in melanoma. N. Engl. J. Med.
2013, 369, 134–144. [CrossRef] [PubMed]
17. Brahmer, J.R.; Tykodi, S.S.; Chow, L.Q.M.; Hwu, W.J.; Topalian, S.L.; Hwu, P.; Drake, C.G.; Camacho, L.H.;
Kauh, J.; Odunsi, K.; et al. Safety and activity of Anti–PD-L1 antibody in patients with advanced cancer.
N. Engl. J. Med. 2012, 366, 2455–2465. [CrossRef]
18. Keir, M.E.; Butte, M.J.; Freeman, G.J.; Sharpe, A.H. PD-1 and its ligands in tolerance and immunity. Annu. Rev.
Immunol. 2008, 26, 677–704. [CrossRef] [PubMed]
19. Francisco, L.M.; Sage, P.T.; Sharpe, A.H. The PD-1 pathway in tolerance and autoimmunity. Immunol. Rev.
2010, 236, 219–242. [CrossRef]
20. Okazaki, T.; Honjo, T. PD-1 and PD-1 ligands: From discovery to clinical application. Int. Immunol. 2007, 19,
813–824. [CrossRef]
21. Liang, S.C.; Latchman, Y.E.; Buhlmann, J.E.; Tomczak, M.F.; Horwitz, B.H.; Freeman, G.J.; Sharpe, A.H.
Regulation of PD-1, PD-L1, and PD-L2 expression during normal and autoimmune responses. Eur. J.
Immunol. 2003, 33, 2706–2716. [CrossRef]
22. Nishimura, H.; Nose, M.; Hiai, H.; Minato, N.; Honjo, T. Development of lupus-like autoimmune diseases by
disruption of the PD-1 gene encoding an ITIM motif-carrying immunoreceptor. Immunity 1999, 11, 141–151.
[CrossRef]
Int. J. Mol. Sci. 2019, 20, 4654 13 of 15
23. Ansari, M.J.I.; Salama, A.D.; Chitnis, T.; Smith, R.N.; Yagita, H.; Akiba, H.; Yamazaki, T.; Azuma, M.; Iwai, H.;
Khoury, S.J.; et al. The programmed death-1 (PD-1) pathway regulates autoimmune diabetes in nonobese
diabetic (NOD) mice. J. Exp. Med. 2003, 198, 63–69. [CrossRef] [PubMed]
24. Keir, M.E.; Liang, S.C.; Guleria, I.; Latchman, Y.E.; Qipo, A.; Albacker, L.A.; Koulmanda, M.; Freeman, G.J.;
Sayegh, M.H.; Sharpe, A.H. Tissue expression of PD-L1 mediates peripheral T cell tolerance. J. Exp. Med.
2006, 203, 883–895. [CrossRef] [PubMed]
25. Phan, T.G.; Long, G.V.; Scolyer, R.A. Checkpoint inhibitors for cancer immunotherapy. Multiple checkpoints
on the long road towards cancer immunotherapy. Immunol. Cell Biol. 2015, 93, 323–325. [CrossRef] [PubMed]
26. Herbst, R.S.; Soria, J.; Kowanetz, M.; Fine, G.D.; Hamid, O.; Gordon, M.S.; Sosman, J.A.; McDermott, D.F.;
Powderly, J.D.; Gettinger, S.N.; et al. Predictive correlates of response to the anti-PD-L1 antibody MPDL3280A
in cancer patients. Nature 2014, 515, 563–567. [CrossRef] [PubMed]
27. Wherry, E.J. T cell exhaustion. Nature Immunol. 2011, 12, 492–499. [CrossRef]
28. Sakuishi, K.; Apetoh, L.; Sullivan, J.M.; Blazar, B.R.; Kuchroo, V.K.; Anderson, A.C. Targeting tim-3 and PD-1
pathways to reverse T cell exhaustion and restore anti-tumor immunity. J. Exp. Med. 2010, 207, 2187–2194.
[CrossRef]
29. Sun, S.; Fei, X.; Mao, Y.; Wang, X.; Garfield, D.H.; Huang, O.; Wang, J.; Yuan, F.; Sun, L.; Yu, Q.; et al. PD-1(+)
immune cell infiltration inversely correlates with survival of operable breast cancer patients. Cancer Immunol.
Immunother. 2014, 63, 395–406. [CrossRef]
30. Muenst, S.; Soysal, S.D.; Gao, F.; Obermann, E.C.; Oertli, D.; Gillanders, W.E. The presence of programmed
death 1 (PD-1)-positive tumor-infiltrating lymphocytes is associated with poor prognosis in human breast
cancer. Breast Cancer Res. Treat. 2013, 139, 667–676. [CrossRef]
31. Ahmadzadeh, M.; Johnson, L.A.; Heemskerk, B.; Wunderlich, J.R.; Dudley, M.E.; White, D.E.; Rosenberg, S.A.
Tumor antigen-specific CD8 T cells infiltrating the tumor express high levels of PD-1 and are functionally
impaired. Blood 2009, 114, 1537–1544. [CrossRef]
32. Matsuzaki, J.; Gnjatic, S.; Mhawech-Fauceglia, P.; Beck, A.; Miller, A.; Tsuji, T.; Eppolito, C.; Qian, F.; Lele, S.;
Shrikant, P.; et al. Tumor-infiltrating NY-ESO-1–specific CD8 T cells are negatively regulated by LAG-3 and
PD-1 in human ovarian cancer. Proc. Natl. Acad. Sci. USA. 2010, 107, 7875–7880. [CrossRef] [PubMed]
33. Hawkes, E.A.; Grigg, A.; Chong, G. Programmed cell death-1 inhibition in lymphoma. Lancet Oncol. 2015,
16, 234. [CrossRef]
34. Inman, B.A.; Sebo, T.J.; Frigola, X.; Dong, H.; Bergstralh, E.J.; Frank, I.; Fradet, Y.; Lacombe, L.; Kwon, E.D.
PD-L1 (B7-H1) expression by urothelial carcinoma of the bladder and BCG-induced granulomata: Associations
with localized stage progression. Cancer 2007, 109, 1499–1505. [CrossRef] [PubMed]
35. Khalil, D.N.; Smith, E.L.; Brentjens, R.J.; Wolchok, J.D. The future of cancer treatment: Immunomodulation,
CARs and combination immunotherapy. Nat. Rev. Clin. Oncol. 2016, 13, 273–290. [CrossRef] [PubMed]
36. Baumeister, S.H.; Freeman, G.J.; Dranoff, G.; Sharpe, A.H. Coinhibitory pathways in immunotherapy for
cancer. Annu. Rev. Immunol. 2016, 34, 539–573. [CrossRef] [PubMed]
37. Farkona, S.; Diamandis, E.P.; Blasutig, I.M. Cancer immunotherapy: The beginning of the end of cancer?
BMC Med. 2016, 14, 73. [CrossRef] [PubMed]
38. Kruger, S.; Ilmer, M.; Kobold, S.; Cadilha, B.L.; Endres, S.; Ormanns, S.; Cadilha, B.L.; Endres, S.; Ormanns, S.;
Schuebbe, G.; et al. Advances in cancer immunotherapy 2019—Latest trends. J. Exp. Clin. Cancer Res. 2019,
38, 268. [CrossRef] [PubMed]
39. Danlos, F.X.; Voisin, A.L.; Dyevre, V.; Michot, J.M.; Routier, E.; Taillade, L.; Champiat, S.; Aspeslagh, S.;
Haroche, J.; Albiges, L.; et al. Safety and efficacy of anti-programmed death 1 antibodies in patients with
cancer and pre-existing autoimmune or inflammatory disease. Eur. J. Cancer 2018, 91, 21–29. [CrossRef]
[PubMed]
40. Ferrara, R.; Mezquita, L.; Texier, M.; Lahmar, J.; Audigier-Valette, C.; Tessonnier, L.; Mazieres, J.; Zalcman, G.;
Brosseau, S.; Le Moulec, S.; et al. Hyperprogressive Disease in Patients with Advanced Non-Small Cell
Lung Cancer Treated with PD-1/PD-L1 Inhibitors or with Single-Agent Chemotherapy. JAMA Oncol. 2018, 4,
1543–1552. [CrossRef] [PubMed]
41. Lecis, D.; Sangaletti, S.; Colombo, M.P.; Chiodoni, C. Immune Checkpoint Ligand Reverse Signaling: Looking
Back to Go Forward in Cancer Therapy. Cancers (Basel) 2019, 11, 624. [CrossRef] [PubMed]
Int. J. Mol. Sci. 2019, 20, 4654 14 of 15
42. Zak, K.M.; Kitel, R.; Przetocka, S.; Golik, P.; Guzik, K.; Musielak, B.; Dömling, A.; Dubin, G.; Holak, T.A.
Structure of the complex of human programmed death 1, PD-1, and its ligand PD-L. Structure 2015, 23,
2341–2348. [CrossRef]
43. Lee, H.T.; Lee, J.Y.; Lim, H.; Lee, S.H.; Moon, Y.J.; Pyo, H.J.; Ryu, S.E.; Shin, W.; Heo, Y.S. Molecular mechanism
of PD-1/PD-L1 blockade via anti-PD-L1 antibodies atezolizumab and durvalumab. Sci. Rep. 2017, 7, 5532.
[CrossRef] [PubMed]
44. Chupak, L.S.; Zheng, X. Compounds Useful as Immunomodulators. WO 2015034820 A1, 12 March 2015.
45. Chupak, L.S.; Ding, M.; Martin, S.W.; Zheng, X.; Hewawasam, P.; Connolly, T.P.; Xu, N.; Yeung, K.A.; Zhu, J.;
Langley, D.R.; et al. Compounds Useful as Immunomodulators. WO 2015160641 A2, 22 October 2015.
46. Zak, K.M.; Grudnik, P.; Guzik, K.; Zieba, B.J.; Musielak, B.; Dömling, A.; Dubin, G.; Holak, T.A. Structural basis
for small molecule targeting of the programmed death ligand 1 (PD-L1). Oncotarget. 2016, 7, 30323–30335.
[CrossRef] [PubMed]
47. Guzik, K.; Zak, K.M.; Grudnik, P.; Magiera, K.; Musielak, B.; Törner, R.; Skalniak, L.; Dömling, A.;
Dubin, G.; Holak, T.A. Small-molecule inhibitors of the programmed cell death-1/programmed death-ligand
1 (PD-1/PD-L1) interaction via transiently induced protein states and dimerization of PD-L. J. Med. Chem.
2017, 60, 5857–5867. [CrossRef] [PubMed]
48. Skalniak, L.; Zak, K.M.; Guzik, K.; Magiera, K.; Musielak, B.; Pachota, M.; Szelazek, B.; Kocik, J.; Grudnik, P.;
Tomala, M.; et al. Small-molecule inhibitors of PD-1/PD-L1 immune checkpoint alleviate the PD-L1-induced
exhaustion of T-cells. Oncotarget. 2017, 8, 72167–72181. [CrossRef] [PubMed]
49. Zheng, Z.; Merz, K.M., Jr. Development of the knowledge-based and empirical combined scoring algorithm
(KECSA) to score protein–ligand interactions. J. Chem. Inf. Model. 2013, 53, 1073–1083. [CrossRef]
50. Zhong, H.A.; Santos, E.M.; Vasileiou, C.; Zheng, Z.; Geiger, J.H.; Borhan, B.; Merz, K.M., Jr. Free-Energy-Based
Protein Design: Re-Engineering Cellular Retinoic Acid Binding Protein II Assisted by the Moveable-Type
Approach. J. Am. Chem. Soc. 2018, 140, 3483–3486. [CrossRef]
51. Cole, J.C.; Murray, C.W.; Nissink, J.W.M.; Taylor, R.D.; Taylor, R. Comparing protein–ligand docking programs
is difficult. Proteins 2005, 60, 325–332. [CrossRef]
52. Jain, A.N. Bias, reporting, and sharing: Computational evaluations of docking methods. J. Comput. Aided
Mol. Des. 2008, 22, 201–212. [CrossRef]
53. Hevener, K.E.; Zhao, W.; Ball, D.M.; Babaoglu, K.; Qi, J.; White, S.W.; Lee, R.E. Validation of molecular
docking programs for virtual screening against dihydropteroate synthase. J. Chem. Inf. Model. 2009, 49,
444–460. [CrossRef]
54. Bender, A.; Glen, R.C. A discussion of measures of enrichment in virtual screening: Comparing the
information content of descriptors with increasing levels of sophistication. J. Chem. Inf. Model. 2005, 45,
1369–1375. [CrossRef] [PubMed]
55. Huang, N.; Shoichet, B.K.; Irwin, J.J. Benchmarking sets for molecular docking. J. Med. Chem. 2006, 49,
6789–6801. [CrossRef] [PubMed]
56. Almahmoud, S.; Wang, X.; Vennerstrom, J.L.; Zhong, H.A. Conformational Studies of Glucose Transporter 1
(GLUT1) as an Anticancer Drug Target. Molecules 2019, 24, 2159. [CrossRef] [PubMed]
57. The Molecular Operating Environment (MOE); Chemical Computing Group Inc.: Montreal, QC, Canada, 2019;
Available online: https://www.chemcomp.com/Products.htm (accessed on 17 September 2019).
58. Case, D.A.; Babin, V.; Berryman, J.T.; Betz, R.M.; Cai, Q.; Cerutti, D.S.; Cheatham Iii, T.E.; Darden, T.A.;
Duke, R.E.; Gohlke, H.; et al. AMBER 14, University of California, San Francisco; University of California: San
Francisco, CA, USA, 2014. [CrossRef]
59. Schrödinger, LLC, New York, NY, Schrödinger Suite 2019-1 Protein Preparation wizard, Maestro, Protein
Grid Generation, Glide, Macromodel, and Epik. Available online: https://www.schrodinger.com/citations
(accessed on 17 September 2019).
60. Halgren, T.A. Merck molecular forcefield. I. basis, form, scope, parameterization, and performance of MMFF.
J. Comput. Chem. 1996, 17, 490–519. [CrossRef]
61. NCI Open Database Compounds, Release 3. National Cancer Institute, National Institutes of Health:
Bethseda, MD, USA, Septemper 2003. Available online: Http://Cactus.nci.nih.gov/download/nci (accessed
on 18 August 2008).
Int. J. Mol. Sci. 2019, 20, 4654 15 of 15
62. Lipinski, C.A.; Lombardo, F.; Dominy, B.W.; Feeney, P.J. Experimental and computational approaches to
estimate solubility and permeability in drug discovery and development settings. Adv. Drug Deliv. Rev.
2001, 46, 3–26. [CrossRef]
63. Sabbah, D.A.; Vennerstrom, J.L.; Zhong, H. Docking studies on isoform-specific inhibition of
phosphoinositide-3-kinases. J. Chem. Inf. Model. 2010, 50, 1887–1898. [CrossRef] [PubMed]
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
